Abstract-In this paper we propose a new algorithm to predict the phosphorylation site specificities of 478 human protein kinases based on the primary structures of the catalytic domains of these enzymes. Existing methods deduce the specificity of a protein kinase through the alignment of the amino acid sequences of phospho-sites targeted by the kinase to generate a consensus sequence or they use machine learning models for recognition. However, for most protein kinases few if any substrates have been experimentally identified by protein sequencing and mass spectrometry. In this work, we used mutual information from a training set of over 200 protein kinases consensus phospho-site sequences and predicted amino acid interactions between kinases and their substrate phosphosites to generate position-specific scoring matrices (PSSM). The results demonstrate that using our algorithm, knowledge of the primary amino acid sequence of the catalytic domain of these kinases is sufficient to predict their phosphorylation sites specificities and their PSSM matrices.
I. INTRODUCTION
Integrated cell signaling pathways contribute to a complex system of communication that governs basic cellular activities and coordinates cell actions [1] . The ability of cells to perceive and correctly respond to their micro environment is the basis of growth, development, tissue repair, and immunity as well as normal tissue homeostasis. Defects in cell signaling network are related to diseases such as cancer, autoimmunity, and diabetes and some 400 other human diseases [2] . Therefore, it is critical to define and study cell signaling networks precisely in humans. The major components of cell signaling networks are protein kinases and their substrate proteins.
Protein kinases transfer the gamma phosphate (PO4) of ATP to hydroxyl (-OH) groups found on amino acids in substrate proteins. Serine (S), Threonine (T) and Tyrosine (Y) represent the three amino acid residues most commonly targeted by these protein kinases [3] . Of the 23,000 proteins encoded by the human genome, two-thirds have already been demonstrated to be phosphorylated at over 93,000 phosphosites 1 . Many of the targets of protein kinases include other protein kinases, and these enzymes can sequentially regulate 1 www.phosphonet.com each other in complex signaling networks. Our knowledge of the architecture of these kinase communications networks, which span from the cell plasma membrane to deep within the nucleus of cells, is very rudimentary. Most of the protein kinases are expressed in each cell in tens of thousands of copies, but a few are very restricted in their cellular expression patterns and have specialized functions. Some 10,000 kinase-substrate phospho-site interacting pairs have been identified empirically, but probably over 10 million exist.
Domains are substrings of protein sequences which can evolve, function, and exist independently of the rest of the protein chain. The most common domain in protein kinases is the catalytic domain which carries out the actual phosphorylation of protein substrates. Most of the kinases have only one catalytic domain, while others can have two catalytic domains or no known domain.
There are specificity-determining residues (SDRs) distributed throughout the catalytic domain of the kinases which interact with the side chains of amino acid sequences surrounding phospho-sites in substrates, which we call a phospho-site region. Kinase-substrate binding resembles a lock and key model, where a semi-linear phospho-site sequence (surrounding the phospho-site) fits into a kinase active site in the vicinity of the SDRs.
Atypical kinases have completely different structures when compared to the typical protein kinases. They do not possess a catalytic domain similar to those found in typical kinases and appear to have evolved separately. No equivalent catalytic domain has been computed for them using alignment techniques. As a result, SDRs of the atypical kinases have to be searched through the surface of the protein, while for typical kinases they are largely contained within their catalytic domains. In this work, we have predicted the locations of SDRs in 488 human kinase catalytic domains and generated position-specific scoring matrices (PSSM) for each kinase.
The organization of the paper is as follows. In Section II we explain previous works related to the prediction of kinase phosphorylation specificities. In Section III kinase phosphorylation specificity is mathematically formalized. In Section IV we propose our prediction algorithm for kinase phospho-site specificities. In Sections V and VI we present our results and conclusion.
II. RELATED WORKS
There are many works which predict kinase specificities for protein substrate recognition and identify potential phospho-sites. These methods are usually based on computing consensus kinase recognition sequences, PSSM matrices or machine learning methods. Scansite [4] , artificial neural networks [5] and support vector machines [6] are some of the examples of these works. A survey and comparison of the mentioned prediction methods are represented in [7] . NetworKIN [8] and NetPhorest [9] are two significant efforts for modeling cell phosphorylation networks. NetworKIN uses artificial neural networks and PSSMs to predict kinase domain specificities and uses protein-protein interaction databases such as STRING to increase the accuracy of the prediction. Those kinases and substrates which are connected directly or indirectly (linked by a short path) in the STRING protein interaction graph are better candidates to be selected in the phosphorylation network. NetworKIN covers only 120 kinases of the 516 known human kinases, since it does not compute kinase phosphorylation specificities for those kinases where there are no experimentally confirmed phospho-sites. NetPhorest has wider coverage compared to NetworKIN and it covers 179 kinases. Similar to NetworKIN, NetPhorest uses a combination of ANN and PSSM matrices for predication, but it puts related kinases in the same group and assumes that all kinases in the same group have identical kinase phosphorylation specificities.
All the mentioned methods have two major problems: 1) they can only compute specificity of those kinases which are in the kinase-phospho-site pair databases; and 2) they are highly dependent on the number of confirmed phosphosites available for each kinase. The training data for all these works is usually borrowed from PhosphoSitePlus 2 and Phospho.ELM [10] which store information on kinasephospho-site pairs. At this juncture, PhosphoSitePlus has gathered 80,967 phosphorylation sites in 11,134 distinct proteins, while Phospho.ELM has about 42,000 sites in 8,718 proteins. It should be noted that for less than 9,125 of them the phosphorylating kinase is known.
III. KINASE PHOSPHO-SITE SPECIFICITY
Generally, there is a pattern in the phospho-site regions that a specific kinase phosphorylates. We shall refer to this pattern as its kinase phospho-site specificity. This pattern is usually represented by profile (frequency) matrices which show the frequency of each amino acid at each position of the phospho-site region. Optimal consensus sequences are another way of representation of this pattern which rely on the most important amino acids at each position.
Other methods such as PSSM matrices and machine learning methods (eg. ANN, HMM) generate a score for a given kinase and a phospho-site region. Higher scores show that the kinase is more likely to phosphorylate that phospho-site. In other words, the score is a measure of kinase phospho-site specificity. To represent the pattern properly at least 9 amino acids (centered at phospho-site with four amino acids to right and left of the site) should be considered [7] . We decided to work with regions of length 15 because by considering six more amino acids we may obtain further information about the specificities for some kinases. Indeed, after computing the profile matrices of several hundred kinases we found that some additional information can be obtained from the added positions -7, -6, -5, 5, 6, and 7 (where 0 is the phosphosite, -means left and + means right of the phospho-site). However, increasing the length of the phospho-site regions to more than 15 may lead to the higher noise in the training data, which would make the prediction task harder.
We introduce a new PSSM matrix to predict kinase phospho-site specificities, which is computed in 3 steps described below.
Profile matrix. We first compute the probability matrix, called the profile matrix for each kinase. Assume that it is experimentally known that kinase phosphorylates different phospho-site regions { 1 , 2 , ... } of length 15. The profile matrix of kinase is 21 × 15 matrix, where rows represent amino acids (including unknown amino acid 'x') and columns represent positions in the phospho-site regions.
Background frequencies of amino acids. Next, we compute the probabilities of each amino acid to appear on the surface of proteins. We call these probabilities background frequencies of amino acids and denote them by ( ), where 1 ≤ ≤ 21. To compute background frequency we use all the 93,000 confirmed phospho-site regions in human proteome. The reason is that all of these confirmed regions are on the surface of proteins, and hence, they can be a good sample of the protein surface. By examining the profile matrices of the kinases we have determined that positions -3, -2, 0, and 1 are particularly biased for kinase recognition, since all of them had a very low entropy. Therefore, we excluded these positions for the computation of the background frequency of each amino acid.
PSSM matrix. Now having profile matrix of each kinase and the background frequency of amino acids, the PSSM matrix for kinase is typically computed using log odds ratio measure:
where 1 ≤ ≤ 21 and 1 ≤ ≤ 15. The problem with this method is that since the profile matrix computed using experimental data contains many zeros, the resulting PSSM matrix has many −∞ values, and consequently, is not smooth enough for the prediction. Usually different smoothing techniques [11] are applied here to avoid zeros and −∞ values, but we use a different approach which produces better PSSM matrices for prediction:
The exponent 1.2 was determined experimentally to achieve the best results. The logic behind this method is similar to log odds ratio. If the probability of amino acid at position of profile matrix is bigger than the background frequency of then that amino acid is a positive determinant, while if it is less than the background frequency it is a negative determinant for the phospho-site region containing at position to be recognized by that specific kinase. For a given candidate phospho-site region we are interested to see more positive and less negative determinant amino acids to predict it as a phospho-site.
Score of phospho-site region. Having PSSM matrix for kinase , we can compute how likely a given candidate phospho-site region = 1 2 . . . 15 is going to be phosphorylated by kinase . This value is called kinase specificity score and is computed as follows.
IV. PREDICTION OF PSSM FOR KINASES WITHOUT SUBSTRATE DATA.
In this section, we present our algorithm for prediction of PSSM matrices based on their catalytic domains. The idea is that those catalytic domains in different kinases which have similar SDRs tend to have similar patterns in the phosphosite regions. To quantify the similarity of catalytic domains of kinases we perform multiple sequence alignment (MSA) of catalytic domains using ClustalW algorithm [12] . The result of the MSA is not quite accurate as it has many gaps, therefore, the alignments were manually modified. We perform this alignment on 488 catalytic domains of the typical protein kinases. The length of each kinase catalytic domain after MSA is 247. For 229 domains in the alignment we compute consensus sequences using 9,125 confirmed kinase-phospho-site pairs. Figure 1 represents portions of the catalytic domain after MSA of some of the best characterized kinases for which the most phospho-sites have been identified.
In what follows we use the example in Figure 1 to explain how mutual information and charge information are used to find SDRs on the catalytic domains of the kinases.
Mutual Information. Each position in catalytic domains or consensus sequences can be considered as a random variable which can take 21 different values. Both random variables can take any of the 20 amino acids. In addition, the random variables in domains can also take the gap value ∼, while the random variables in consensus sequence can take the unknown value 'x'. In information theory the mutual information of two random variables is a quantity that measures the mutual dependence of the two variables [13] . We can use this measure here to find out which two positions in consensus and catalytic domain are highly correlated. Formally, the mutual information of two discrete random variables and is defined as:
where ( , ) = P( = , = ), 1 ( ) = P( = ), and 2 ( ) = P( = ). The higher mutual information, the more the random variables are correlated. In our context, is a position in the kinase catalytic domain, is a position in the consensus sequence, is a set of amino acids plus ∼ and is a set of amino acids plus 'x'. Charge Information. Negatively charged amino acids interact with positively charged, and hydrophobic amino acids with hydrophobic ones. Therefore, if a position in the catalytic domains (see Figure 1 ) tends to have many negatively charged amino acids and a position in the consensus sequences tends to have more positively charged amino acids, it is likely that these two positions are interacting with each other. Therefore, we define charge dependency ( , ) of two positions (random variables), one in kinase catalytic domains ( ) and the other in consensus sequences ( ), as follows. where is the number of kinases with consensus pairs (in our case 229). is also residue interaction score of two different amino acids, cf. Figure 2, is the amino acid of the th kinase at position of the catalytic domain and is the amino acid of the corresponding consensus sequence at position .
Residue interaction matrix shown in Figure 2 estimates the strength of a bond created between amino acids in the average case independent of their distance. Negatively (positively) charged amino acids repel themselves (score -2 in the interaction matrix ) and they attract positively (negatively) charged amino acids (score +2). Histidine (H) has a smaller positive charge than Lysine (K) and Arginine (R). Therefore, scores for it are +1 for interacting with negatively charged amino acids and -1 for interacting with positively charged amino acids. Hydrophobic amino acids attract each other (score +2) while they repel both positively and negatively charged amino acids. S, T and Y residues have a weak tendency to bind to each other (score +0.5), while they are completely neutral with the other amino acids (score 0). For all the amino acids discussed so far, it is not relevant whether they are in the kinase catalytic domain or phospho-site region. In both situations the score is the same, which makes the interaction matrix symmetric. However, Glycine (G) is favored to be in the phospho-site region, because it is a small amino acid that creates a pocket on the surface of the region that permits the catalytic domain of the kinase come closer to the region. The reason that we do not consider effect of G in the catalytic domain is that we are unclear about the 3D structure of the most kinase catalytic domains, while phospho-site regions are linear or semi-linear.
If we look at Figure 1 we observe that columns 69, 135, and 161 are quite conserved with negatively charged amino acids. Since at (-3) position of the consensus sequences of the substrates mostly positively charged amino acids (e.g. Arginine (R)) appear, these positions have a high charge dependency score and are strong candidate positions for interaction with (-3) position of the phospho-site regions. On the other hand, these positions are very conserved and they seem to be uncorrelated with the (-3) position of the phospho-site regions (e.g. when the (-3) position is positively charged or neutral position 69, 135, and 161 are still negatively charged). Therefore, we need a criterion to combine correlation and charge dependency measures. The following equation combines these two measures.
where ( , ) is called correlation-charge dependency of two positions in catalytic domains and in consensus sequences.
Using this hybrid criterion ( , ) in our example, column 120 gets the maximum correlation charge dependency in Figure 1 . It is usually preferred that for a particular position in consensus sequences, SDRs in catalytic domain stay near each other, because they can easily interact with that position in consensus sequences. For example, positions 120 and 121 should be preferred to positions 120 and 220. However, in the 3D structure of the protein kinase domain, amino acids that are well separated in the sequence could be situated next to each other. In view of such exceptions, we did not include this preference in our model. Algorithm 1 computes the best SDRs (positions in the catalytic domain) for each kinase consensus sequence position and their interaction probabilities P( | ) = P( , ) P( ) using correlation-charge dependencies.
By examination of the x-ray crystallographic 3D structures of 11 protein kinases co-crystallized with peptide substrates, we determined that usually at most seven SDRs may interact with an amino acid position on the substrate phospho-site region, therefore we set the value in Algorithm 1 to 7.
Algorithm 2 computes the profile and PSSM matrices for 488 catalytic domains in 478 different human kinases 3 using the SDRs determined by Algorithm 1. The formula in Line 5 of the Algorithm 2 is based on the observation that those interactions which have higher correlation-charge dependency are more important in estimation of profile matrices.
Algorithm 1 Computing SDRs
Input: 229 human kinase catalytic domains and their consensus sequences. Parameter ≤ 247. Output: SDRs and their interaction probabilities for each position in the phospho-site region. 1: for ← 1, 15 do 2: Let be the th position in consensus sequences 3: for ← 1, 247 do 4: Let be the th position in catalytic domains 5: Compute ( , ) 6: end for 7: Order positions based on ( , ) (decreasingly). Let , be the th position in this order. ⊳ Estimation of interaction probabilities 5: Compute
end for 7: Store 21 × 15 computed values in profile matrix 8: end for 9: ⊳ Computing PSSM matrices. 10: Compute the background frequencies using the idea mentioned in Section III. 11: Compute the PSSM matrix of each kinase using Equation (2).
V. RESULTS
NetPhorest vs. our predictor. At this juncture, NetPhorest contains 10,261 confirmed phospho-sites and has 50 specified groups for a total of 169 kinases linked to phosphorylation of 8,746 of those sites. In this dataset, some phospho-sites had more than one kinase phosphorylating them. To compare our predictor with NetPhorest easier we retained only the best kinase for each phospho-site. As a result, the number of kinase-phospho-site pairs was reduced to 6,299. To examine how many of these kinase-phosphosite pairs were consistent with our predictor, we subjected these 6,299 phospho-sites to our predictor algorithm to determine which individual kinases were more likely to phosphorylate these sites. We ranked 492 protein kinases (488 kinase domains, and 4 atypical kinases for which we had PSSM matrices using phospho-site regions) based on their calculated PSSM scores for each NetPhorest confirmed phospho-site region. It was desirable that the experimentally confirmed kinases for each phospho-site region had high PSSM scores in our predictor. However, we cannot expect these confirmed kinases always have maximum PSSM scores, because although these kinases were experimentally demonstrated to phosphorylate those phospho-sites, it is unclear that they are always the best possible matches. From Table I we show that 1058 NetPhorest kinase groups were similarly predicted by our algorithm as the best kinase groups for the specific phosphopeptides, and 651 kinase groups were predicted as the second best kinase groups, and etc. On average each NetPhorest kinase family has 3.3 kinases and because our algorithm works based on individual kinases and not a group we adjusted the ranks and intervals for the results from our algorithm accordingly to provide direct comparison. It is evident that 35 percent of the NetPhorest predicted kinases groups corresponded to the top 10 candidate kinases proposed by our algorithm. Therefore, our predictor had similar prediction accuracy to NetPhorest, but we achieved coverage with three times as many different protein kinases and with individual assignments rather than groups of kinases. Prediction based on primary structure vs. phospho-site regions. For 309 kinases we could gather 9,125 confirmed phospho-sites from PhosphoSitePlus, Phospho.ELM and the scientific literature. Therefore, the profile these kinases can be computed using the method in Section III (empirical matrices) and also Algorithm 2 (predicted matrices). We ran both methods to evaluate the quality of the predicted matrices. To measure the difference of predicted matrices with empirical matrices we use sum of squared differences. We obtained 309 error values each one representing how close the predicted matrix is to the empirical one. Figure 3 shows the distribution of these errors. It is evident that the majority of the predicted matrices are extremely similar to those generated by known substrate alignments. In addition to the numerical results, we noticed that Algorithm 2 was successful for predicting all the assignments of the Serine, Threonine, and Tyrosine phospho-acceptor specificities correctly.
VI. CONCLUSION
In this work we demonstrated how to use the catalytic domain information for each kinase to compute their kinase specificity (PSSM) matrices. The first step was to find substrate determinant residues (SDRs) on the surface of the kinase catalytic domain at the active site. We found SDRs using the charge information of amino acids and mutual information. Having deduced consensus sequences of 229 kinases and their SDRs we measured the correlation amount of SDRs with consensus sequences and used it to predict profile matrices of the kinases. We compared our predictor with NetPhorest atlas of human kinase-phosphorylation sites pairs, and it turned out that 35% (72%) of the NetPhorest predicted kinases fall in top 10 (top 50) candidate kinases proposed by our algorithm. We also compared predicted and empirically-derived profile matrices of 309 human kinases. Most of the predicted matrices were highly similar to the experimentally derived matrices (Figure 3 ) and we could also accurately predict the preferred specificity of the phosphoacceptor sites for each kinase correctly.
